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Wright, 1964 algorithm and it was improved using two neighborhoods. Hence, 139 this algorithm cannot be used for trucks carrying more than two containers. 140 To conclude, a frequent characteristic of papers on drayage is the assump-141 tion that trucks carry at most one container (Jula et al., 2005, Namboothiri 142 and Erera, 2008 , Zhang et al., 2011 , Zhang et al., 2010 2013). However, if the weight of the containers is under a set value, the capacity 144 of trucks could be higher than one container. Carrying two or more containers 145 per truck is allowed in many countries (Nagl, 2007) . Since larger capacities can 146 increase the efficiency of the distribution, this paper investigates this opportu-147 nity and aims at quantifying its benefits. However, it is important to note that 148 this opportunity substantially increases the difficulty of SVRPCB, because the 149 underlying packing problem becomes more difficult to solve. 
Formulation
This section introduces the notation and presents an ILP model for the SVRPCB. Let p be the port, I the set of importers, E the set of exporters and 153 K the set of trucks, each with capacity Q-containers. Let d i be the number of 154 containers used to serve customer i ∈ I ∪E. If i ∈ I, d i represents the number of 155 containers used to deliver container loads to import customer i ∈ I. If i ∈ E, d i 156 represents the number of containers used to pick up container loads from export 157 customer i ∈ I. 158 Given a direct graph G = (N, A), the set N is defined as N = {p ∪ I ∪ E}.
159
Since trucks are not allowed to move from exporters to importers, the set A 160 of arcs is defined as The problem can be formulated as follows:
Routing costs are minimized in the objective function (1).
168
Constraints (2)-(5) concern the distribution of containers to importers. Con-169 straints (2) and (3) Similarly, constraints (6)-(9) concern the distribution of containers to ex-175 porters. Constraints (6) and (7) we present a meta-heuristic, which is described in the following section. and adjusts the input parameters of the SVRP phase.
214
The three phases are repeated sequentially until a stop criterion is satisfied 215 and the best solution found is returned.
216 Table 1 illustrates the pseudo-code of the meta-heuristic algorithm, in which 217 the following notation is adopted: 
AG phase Section 4.3 end while return S * end procedure Table 1 : The structure of the meta-heuristic.
In the following, the three phases of the algorithm are described in detail. imposing trucks to return to the depot whenever their load equals the capac-251 ity; (ii) the second phase consists of a TS based on relocation moves, where 252 8 a customer is either relocated into another route or copied into an alternative route. In the latter case, its original demand is split between the two routes;
(iii) the third phase improves the solution found by removing t-split cycles and 255 by re-optimizing each route using the GENIUS algorithm. importer may be linked to the first or the last exporter. To clarify, consider 264 for instance n importers, serviced by route r i = {p, i 1 , . . . , i n , p}, and m 265 exporters serviced by route r j = {p, e 1 , . . . , e m , p}. Moreover, let c(i n , e 1 ) be 266 the cost of arc (i n , e 1 ) ∈ A, and so on. When the merging of routes r i and r j 267 is evaluated, the algorithm computes four different savings based on the extra 268 mileage evaluation: 
where routes r i and r j have the opposite direction in the final route, i.e.
280
importers are visited from i n to i 1 and exporters from e m to e 1 ;.
281
Each pair of routes is supposed to be merged according to the maximum 282 saving. Therefore, the saving generated by merging routes r i and r j is The assignment problem can be formulated by the following ILP model:
The overall gain is maximized in the objective function (18), where s ij rep-291 resents the maximum saving obtained by merging routes i and j, as described 292 above.
293
Constraints (19) and (20) Since the TS tends to generate routes where load splitting is allowed, the 310 resulting SVRPCB solutions may be likely poor when the number of visits to 311 customers is unnecessarily high. This guidance mechanism is aimed at correcting 312 this drawback. Given a customer i, let minT rip i = d i /Q be the minimum 313 number of visits required to satisfy its demand, let visit i be the number of visits 314 to customer i in the current solution and let exceed i be the difference between 315 visit i and minT rip i . This guidance mechanism selects the importer and the In the proposed meta-heuristic the execution of a single guidance mechanism 352 is iteration-dependent. As a result, at any iteration one may run a guidance 353 mechanism with all other mechanisms, with some of them or one at a time.
354
Hence, it is important to properly calibrate parameters controlling when each 355 guidance mechanism should be performed during the overall execution of the 356 algorithm. Once the incumbent SVRPCB solution has been analysed according to a guidance mechanism, the selected arc costs are penalized in the SVRP phase for the subsequent γ iterations. If arc (i, j) connects two customers, its cost is penalized as
The value M is set up as the largest entry of the cost matrix and RandomCoef is a coefficient that randomly decreases/increases the penalties during the overall execution of the algorithm, according to the formula:
where β is a self-adapting parameter taking initial value 0 and increasing by 359 α after each α iterations. Whenever a better SVRPCB solution is found, β is 360 set to 0, in order to refresh penalties.
361
A larger penalty is added to the cost of arcs connecting customers to the port, in order to minimize the number of trucks in the solution. More formally, if arc (i, j) connects a customer to the port, its cost is penalized as
where M is the largest entry of the cost matrix and N the set of nodes. (i, j) ∈ A is applied from iteration it to it + γ and the arc is selected to 375 be penalized at iteration it + δ (with δ ≤ γ), the penalty is rejected and 376 the adaptive guidance mechanism is executed again, until an arc not yet 377 penalized is detected or no more penalties become available;
378
(iii) Incremental unique penalties It implements both previous penaliza-379 tion strategies. To clarify, if a penalty is applied on arc (i, j) ∈ A from 380 iteration it to it + γ and the arc is selected to be penalized at iteration 381 it + δ (with δ ≤ γ), the penalty is accepted and the adaptive guidance 382 mechanism is executed again, until an arc not yet penalized is detected 383 or no more penalties become available. Therefore, if a penalty on an arc 384 (i, j) ∈ A is found at iterations it and it + δ (with δ ≤ γ), the penalty is 385 inserted twice and the adaptive guidance mechanism is executed again to 386 look for additional penalties. The meta-heuristic depends also on the parameter ϕ, which sets the strategy 432 to update penalties: it takes value 1 for "Unchecked penalties", 2 for "Unique periments are denoted by C 1 , C 2 , C 3 , C 4 and C 5 , and are described hereafter:
437
C 1 each adaptive guidance mechanism has probability 33% to be performed at C 4 each adaptive guidance mechanism has probability 33% to be performed at 446 each iteration. Penalties are updated according to the strategy "Incre-447 mental unique penalties";
448
C 5 each adaptive guidance mechanism has probability 25% to be performed at 449 each iteration. Penalties are updated according to the strategy "Incre-450 mental unique penalties".
451
In order to select the best calibration among them, all generated instances 452 are solved with each setting of the meta-heuristic. Since 33 instances out of 453 140 are proven to be optimal by Cplex, we consider the remaining 107 instances 454 and we compute how many times the best solution is found by each setting of 455 the meta-heuristic and by the constructive heuristic. Results are represented in 456 Figure 1a .
457 Figure 1a shows that calibration C 1 seems to be the most effective, in fact 458 it determines the best solution for 87 times out of 107 instances. Figure 1a also 459 14 shows that in 55 instances the constructive heuristic returns the best solution 460 and no improvement is obtained by any proposed guidance mechanism.
461 Figure 1b shows how many times each setting of the metaheuristic improves 462 the solution of the SVRPCB determined by the constructive heuristic. For 463 example, calibration C 1 improves the initial feasible solution of the SVRPCB 464 for 48 times and calibration C 2 for 44 times.
465
As Figures 1a and 1b show, C 1 seems to be the most promising calibration.
466
Therefore, the results obtained by this calibration are discussed hereafter. 
471
In Table 2 It is important to note that each row of Table 3 represents average percentage 509 gaps over a class of instances.
510 Table 3 shows that the meta-heuristic provides exact solutions in instances 511 where the transportation capacity is 1 container. CPLEX outperforms the meta-512 heuristic in few small instances; when n = 10 and Q = 6, there are exact 513 solutions at most 1.62% better than those determined by the meta-heuristic.
514
In the instances with 20 customers, CPLEX outperforms the meta-heuristic 515 only when it is executed for 3h: the gaps are 0.12% and 0.41% for Q equal 2 and 516 6, respectively. Nevertheless, the solutions obtained by CPLEX in 10 minutes 517 are up to 12.19% worse on average than those of the meta-heuristic.
518
In case of instances with 30 customers, the meta-heuristic outperforms sys-519 tematically CPLEX, both when it is executed for 10min and 3h. the meta-heuristic provides all feasible solutions in less than 10 minutes.
532
Finally, Figure 1 analyses how larger capacities remarkably decrease the 533 routing cost of the distribution. As Figure 1 shows, whenever the trucks have a 534 larger capacity, the distribution is performed at a lower cost:
535
• If we consider the instances with capacity Q = 2 with respect to the 536 instances with capacity Q = 1, the routing cost decreases by 47.05% in 537 the case of 20 customers, up to 58.22% in the case of 10 customers.
538
• If we consider the instances with capacity Q = 4 with respect to the 539 instances with capacity Q = 2, the routing cost decreases by 38.72% in 540 the case of 10 customers, up to 46.06% in the case of 40 customers.
541
• If we consider the instances with capacity Q = 6 with respect to the 542 instances with vehicles Q = 4, the routing cost decreases by 20.01% in the 543 case of 10 customers, up to 26.94% in the case of 20 customers.
544
Note that the marginal improvement due to the vehicles with capacity Q = 6 545 with respect to trucks with capacity Q = 4 is relatively small, but if we consider 546 the instances with vehicles capacity Q = 6, with respect to the instances with 547 vehicles capacity Q = 1, the routing cost decrease by 77.99% in the case of 20 548 customers and up to 79.52% in the case of 10 customers. This paper addressed the SVRPCB, which is rich vehicle routing problem 551 originating from a real world application. Although there are many papers on 552 VRPCB and SVRP, to our knowledge, their integration was seldom investigated.
553
In the specific field of container transportation, this is an interesting variant of 554 drayage problems, due to the coupling between containers and trucks, each of 555 which can carry more than one container. In this paper we have presented a 556 mathematical model for the SVRPCB.
557
The proposed solution method is a meta-heuristic based on adaptive guid-558 ance mechanisms. It determines feasible solutions for SVRPCB by a construc-559 tive heuristic decomposing the problem into two simpler SVRPs, each solved by 560 a TS, and exactly merging routes by an assignment problem. However, these 561 feasible solutions may be inefficient, since too many splits may be performed, 562 18 highly expensive arcs may be used and the first or the last importer and/or 563 exporter in any route may not be appropriate.
564
The proposed meta-heuristic aims to improve these solutions by detecting 565 predefined drawbacks and guiding the TS in the SVRPs, in order to produce
